The truth about what chemicals are to be found on the surface of Mars lies hidden in Gigabytes of hyperspectral data. How to reveal this mystery is the subject of this paper. Independent component analysis (ICA) is used for identification and classification of endmembers and for artifact removal. The classification results are compared with the result of a wavelet classifier and reference spectra are used for identification of known substances. C02 ice and water ice and an intimate mixture of C02 ice and dust are effectively found as independent components, but because of high negative correlation of dust and C02 ice, dust is not found as a separate component. ICA can be used to valuate the atmospheric effect removal, which is currently being used and can help in this preprocessing. ICA can also be used for other artifacts, such as to find and clean corrupted channels and to detect the effect of the overlay of sensors. It is proposed to view the mixing matrix as a collection of independent components (ICs) spectra, and use this for automatic detection of known endmembers.
INTRODUCTION

Hyperspectral Data
The data is collected with the Omega instrument (Observatoire pour la Mineralogie, l'Eau, les Glaces et l'Activite) which is a spectrometer boarded on the European Space Agency Mars Express mission. The instrument has three channels, a visible channel and two infrared channel. Different minerals absorb and radiate different wavelengths of light. This basic physic allows us to identify the substances from the spectral information. Each sensor receives reflected light from an area that can be composed of several types of chemicals. The sunlight can be reflected from each material separately, which gives an additive mixture of spectra as in figure 1(b) , or it can be reflected from one material to another before reaching the sensor, as is typically the case for intimate mixtures (figure l(c)). Atmospheric absorption and the geometrical effect due to the incident solar energy depending on sun elevation alter the measured spectra ( figure 1(a) ). Second order shadows, which show themselves as gradient of the luminance is an artifact that will be considered in more details in this paper. The data used here covers the south polar region of Mars. Two instances of the data are used, the raw data and a preprocessed version where the geometrical effects have been removed. The data is collected by the two sensors in the infrared region ranging from 0.9549um to 4.1577um, total of 184 bands where noisy bands have been excluded. Some channels of the Omega instrument are badly corrupted by noise. The bad channels are generally known or can be found with filtering. ICA does not assume any prior knowledge, but to understand the physical meaning of the result of ICA it is necessary to identify the ICs, which requires reference data. Because of the very weak assumptions, the problem is referred as blind source separation (BSS), and the method based on source independence property has been called independent component analysis (ICA) [3, 1] . In the simplest case, the model is assumed to be linear and memoryless, i.e. F reduces to a mixing matrix A with scalar entries. This problem has been intensively studied in the last 15 years, and many methods and algorithms are available, based on 4th-order statistics, entropic criteria, characteristic functions, etc.
Independent component analysis
In the framework of hyperspectral data, although there is some evidence for a mixture model, one considers a sparse representation of the data using a sparse basis, with special properties. ICA provides such a model where the special property is mutual independence. Practically, let us con- 
This model will be referred to as a spatial ICA model. In the model, the k-th column of matrix A can be interpreted as the spectrum related to ICk (IIk (n)).
A scale indeterminacy can not be avoided when using ICA and with no positivity constraint on the ICs or the mixing matrix results in a sign ambiguity. This can lead to difficulties when identifying the ICs.
An implementation of ICA used here is the well known JADE algorithm based on the joint diagonalization of cumulant matrices [4] .
EXPERIMENTS
The independent components for the south polar cap can be seen on figure 3. Selecting 7 principal components for this dataset corresponds to 99.58% of the variance and gaining one more dimension only tributes O.1dB to the reconstrucions, thus the number of ICs was chosen as 7. k Em-1 ZEMn=1 (Er=l ,r aAk rIIr(n)) (6) After viewing the ICs as images and the mixing matrix as a collection of IC spectra, and comparing the result to the known spectral absorption, the following ICs were identified (table 1) . The same ICs were also identified for the second dataset, and there the atmosphere absorption and channel shift play a little role in the reconstruction, because of the preprocessing. The IC number 4 in figure 3 (d) shows a region with an intimate mixture of C02 ice and dust. In the case of intimate mixture (figure l(c)), the spectral are no longer additive and should, in the linear ICA model, show itself as a separate IC, as can be seen here.
Classification based on ICs
A classification of C02 ice and H20 ice can be seen on figure 4 based on these preselected ICs. The classification results compared with the reference images is seen in table 2. Here it is important to keep in mind that the reference images in this case are not a ground truth, and thus the false classifications in this case are not necessarily false.
An interesting result is that the original dataset gives a better classification than the preprocessed dataset, this is in accordance to the SNR gained in table 1, since the atmospheric removal seems to take some information from the C02 ice and H20 ice components.
When using spatial ICA, components of C02 ice and H20 ice are retrieved but dust does not appear as a separate component as seen on figure 3 . The negative correlation seen in (7) is not surprising when looking at figures 2(a) and 2(b). Dust and C02 ice are strongly complementary, and even more than the reference images indicate. As a result dust is not retrieved when using spatial ICA, but is frequently recovered from the ICA as the negative of C02 tce.
The IC which corresponds to C02 ice can be seen on figure 5(b) , and the corresponding mixture (column 2 of the matrix A) on figure 5(a). As can be seen, the IC is both used as a positive and negative component in the mixture. From the graph in figure 5(a) it can be seen that when the mixing coefficients take a positive value, for example at 2.98,um, the dominating element for this wavelength is C02 ice as seen on figure 5(d) . When the mixing coefficients take a negative value as at 1.98,um the dominating element is dust as seen of figure 5(c) . Taking a closer look at the mixing matrix reveals that the IC seen above is by far the strongest component in the mixing matrix for the layers where dust and C02 ice are most visible. It is thus evident that this one IC presents in fact both C02 ice and dust.
Artifact Removal
The first IC of the original data ( figure 3(a) ) has a luminance gradient which is characteristic for the solar angle effect ( figure 1(a) ). This IC can also be seen from the result of ICA for the preprocessed data where this geometrical effect has been removed. When looking at the relevance of each IC for the reconstruction (table 1) it is evident that this IC is of high importance for the original dataset, but is of little interest for the preprocessed data. The IC number 7 (figure 3(g)) resembles a highpassfilter of the data. The mixture shows a clear peak in the frequencies where the sensors of the Omega instrument overlap. This effect is independent of the spectra model and thus it is conceived as a separate IC and can be used to assess the quality of the preprocessing. ICA has already proved its value for noise removal. If spectral bands are corrupted by non-Gaussian noise, ICA can be used to remove the noise and clean the channel [2] . An amusing demonstration of the effectiveness of ICA for artifact removal is the detection of corrupted line in the original dataset, which was overlooked before performing the ICA. At first glance the IC in figure 3(e) was not recognized, but at a closer look the first line in the image has a high response, and corresponds to a corrupted line in the dataset.
Automatic Selection of ICs
As explained in reference [6] the mixing matrix of spatial ICA can be viewed as the sources of spectral ICA. This is possible assuming perfect independence in space and spectral dimensions. This is not the reality and the effect of this is not fully known [6] .
IC number 1 (see figure 3(a) ), which corresponds to the geometrical effect, has the best correlation with all the reference spectral. After selecting the next strongest component we get the same ICs as selected before. This indicates that it is possible, even though the independence assumption is poorly satisfied, to view the mixing matrix as a collection of ICs spectra, and use this to automatically identify known minerals.
ICA has already proved itself for artifact removal in the case of corrupted sensors. Geometrical effect and atmospheric absorption are also identified which can be used in the preprocessing of the data.
The linear ICA model assumes that the measured spectra is a weighted sum of endmember spectra. This is not true for intimate (non linear) mixtures, and therefore intimate mixtures show themselves as separate ICs.
A significant correlation can be seen between dust and CO2 ice in the spatial dimension. ICA assumes linear mixtures and independence and therefore these materials can not be separated and are represented by the same IC.
In general it is difficult to identify the endmember spectra from the mixing matrix. The basic ICA model does not put any constraint on the sources, such as positivity. This is one of the reasons why the true endmember spectra are generally not found.
Future work will be focused (1) on using prior knowledge, like positivity, which would eliminate the sign ambiguity, (2) on using spectral ICA, assuming positivity and sparsity of spectra.
